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Estimating Effective Soil Hydraulic 
Properties Using Spatially 
Distributed Soil Moisture  
and Evapotranspiration
With the development of many earth-observing remote sensing (RS) platforms, spatially 
distributed remote sensing products are becoming critical inputs to many hydrologic and 
meteorological models. Remotely sensed soil moisture (SM) and evapotranspiration (ET) 
including ground-based data have the potential to be used for estimating pixel-scale soil 
hydraulic parameters. However, only a few studies have been conducted to better under-
stand the impact of assimilating both SM and ET in estimating soil hydraulic properties of 
the root zone. In this study, we used inverse modeling based on the Noisy Monte Carlo 
Genetic Algorithm by linking RS SM and ET derived from the Surface Energy Balance 
Algorithm for Land for estimating pixel-scale effective soil hydraulic properties. Walnut 
Creek (Iowa), Brown (Illinois), and Lubbock (Texas) test sites were selected to assess the 
performance of this approach from point to satellite scales using synthetic and validation 
experiments. For comparison purposes, inverse modeling results were analyzed under 
three scenarios (ET only, SM only, and SM + ET in the optimization criteria). These results 
showed that considering both SM and ET components improved the estimations of effec-
tive soil hydraulic properties and reduced their uncertainties better than SM or ET only. 
Overall, although uncertainty exists, our proposed SM + ET based scheme performed well 
in estimating effective soil hydraulic properties at multiple spatial scales (point, airborne, 
and satellite footprints) under various hydroclimatic conditions.
Abbreviations: AMSR-E, Advanced Microwave Scanning Radiometer–Earth Observing System; ASTER, 
Advanced Spaceborne Thermal Emission and Reflection; DOY, Day of the Year; EC, eddy covariance; ET, 
evapotranspiration; GW, groundwater; MODIS, Moderate Resolution Imaging Spectroradiometer; NMCGA, 
Noisy Monte Carlo Genetic Algorithm; PSR, Polarimetric Scanning Radiometer; RS, remote sensing; SEBAL, 
Surface Energy Balance Algorithm for Land; SM, soil moisture; S-SEBI, simplified Surface Energy Balance 
Index; SWAP, Soil–Water–Atmosphere–Plant; WC, Walnut Creek.
Soil hydraulic properties play a key role in many hydroclimatic processes in the 
critical zone and land–atmosphere interface (Hanson et al., 1999; Mohanty et al., 2002; 
Mohanty and Zhu, 2007). They are the limits of the hydraulic behavior of the soil system 
(e.g., Wood, 1994; Vrugt et al., 2003; Jana and Mohanty, 2012a, 2012b, 2012c).
Root zone SM and ET play complementary roles for water balance in the vadose zone (Xevi 
et al., 1996). Precipitation returns to the atmosphere as evapotranspiration. More than half 
of ET losses can be accounted for by soil evaporation and less from plant transpiration in 
many semiarid regions (Huxman et al., 2005). According to some studies, only soils in 
the near surface soil layer (20 cm from the land surface) contribute to evaporation (Boulet 
et al., 1997; van Keulen and Hillel, 1974; Yamanaka and Yonetani, 1999). However, soil 
water is the source of water for transpiration along the entire root zone. Because different 
crops have different root activities (i.e., root density and distribution) (Breshears et al., 
1997; Cable, 1969; Schenk and Jackson, 2002), the transpiration dependence throughout 
the soil depth could be varied, indicating that ET significantly influences the water cycle 
at the near surface and in the root zone (Pollacco and Mohanty, 2012).
In general, laboratory methods are used to determine the soil hydraulic functions by direct 
measurement using soil core samples extracted from the field. The major concern with 
regard to this traditional method is whether the soil parameters derived by a centimeter-
scale soil core sample with predefined boundary conditions can represent field- and 
regional-scale features (Kool and Parker, 1988; van Dam, 2000, Das et al., 2008, 2010). 
Evapotranspiration can also be measured by eddy covariance methods (Dyer, 1961; 
Tanner and Greene, 1989) at local scales. With the increasing availability of RS platforms 
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characterized by large spatial and temporal coverage, inverse 
modeling could be explored for estimating spatially distributed 
eff ective soil hydraulic properties (Yeh, 1989; Ines and Mohanty, 
2008a, 2008b, 2009). To estimate spatially distributed ET, several 
spatially distributed pixel-based RS schemes—the Surface Energy 
Balance Algorithm for Land (SEBAL; Bastiaanssen et al., 1998, 
2005), Mapping Evapotranspiration at High Resolution and with 
Internalized Calibration (METRIC; Allen et al., 2007), simplifi ed 
Surface Energy Balance Index (S-SEBI; Roerink et al., 2000), and 
Surface Heat Budget of the Arctic Ocean (SHEBA; Su, 2002)—
have been developed. Ines and Mohanty (2008a) developed an 
inverse modeling of SM and ET to derive eff ective soil parameters 
in a one-dimensional soil water fl ow model for homogeneous and 
heterogeneous soil profi les. Although their synthetic experiments 
were very successful, fi eld-based studies are needed to validate their 
hypothesis and methods.
Th e unsaturated zone is quite heterogeneous; thus estimating exact 
soil parameter values for each point in the fi eld has been deemed 
unrealistic. Eff ective soil hydraulic parameters that represent a soil 
profi le can be an alternative. Optimization approaches that use 
time series of observable data to estimate such properties include 
Generalized Likelihood Uncertainty Estimation (GLUE) (Beven 
and Binley, 1992; Beven and Freer, 2001), genetic algorithms 
(GAs) (Wang, 1991; Ines and Droogers, 2002a; Ines and Mohanty, 
2008a, 2008b, 2009), Shuffl  ed Complex Evolution–University 
of Arizona (SCE-UA) (Duan et al., 1992), and artifi cial neural 
networks (ANNs) (Pachepsky et al., 1996; Schaap and Bouten, 
1996; Schaap and Leij, 1998; Schaap et al., 1998; Sharma et al., 
2006, Jana et al.,2007). Recently, Ines and Mohanty (2008b) 
developed a Noisy Monte Carlo Genetic Algorithm (NMCGA) 
for estimating eff ective soil hydraulic properties. Th e NMCGA 
characterizes the fi rst and second moments of the soil hydraulic 
properties, which can then be used to sample ensembles of soil 
hydraulic properties describing the soil system.
Th is study aimed (i) to link NMCGA with SEBAL to integrate 
pixel-scale SM and ET in the estimation of pixel-scale eff ective 
soil hydraulic properties, (ii) to analyze the impacts of using SM, 
ET, and SM + ET in the optimization criteria for soil hydraulic 
parameter estimations under diff erent wetness conditions, and 
(iii) to evaluate the robustness of this approach at diff erent spatial 
scales ranging from point, to airborne, to satellite sensing.
Materials and Methods
Linked Data Assimilati on Algorithm
In this study, we explored an improved inversion modeling 
approach to estimate van Genuchten (1980) soil hydraulic 
properties (shape parameters a and n, residual and saturated soil 
moisture qres and qsat, and saturated hydraulic conductivity Ksat) 
using RS SM and ET products at multiple scales. Th is inversion 
approach adapts a soil moisture data assimilation scheme (Ines and 
Mohanty, 2008a; Shin et al., 2012). Figure 1 shows the framework 
Fig. 1. Framework of the linked Noisy Monte Carlo Genetic Algorithm (NMCGA) and Surface Energy Balance Algorithm for Land (SEBAL) used 
in this study (ObsSM/ObsET, observed soil moisture/evapotranspiration; SimSM/SimET, simulated soil moisture/evapotranspiration; q(h), water 
retention curve; K(h), hydraulic conductivity; RS, remote sensing; SWAP, Soil–Water–Atmosphere–Plant model; SEBAL, Surface Energy Balance 
Algorithm for Land model).
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of the linked NMCGA and SEBAL based near-surface SM and 
ET data assimilation scheme. We can define this approach as the 
linked NMCGA and SEBAL algorithm that determines the soil 
water content [q(h)] and hydraulic conductivity [K(h)] functions 
in the soil profile using RS near-surface (0–1 or 0–5 cm) SM and 
ET estimates based on a simulation-optimization approach. This 
data assimilation scheme repeatedly runs a hydrologic model 
(Soil–Water–Atmosphere–Plant, SWAP) until the derived 
solutions (soil hydraulic properties) have converged (Abbaspour 
et al., 1997; Kool and Parker, 1988; Ines and Droogers, 2002a, 
2002b). Our suggested approach that considers both the SM and 
ET components could improve soil parameter estimations across 
the land surface and in the root zone.
Hydrologic Model
The SWAP model is a one-dimensional physically based model for 
simulating water flow across the soil, water, atmosphere, and plant 
system (Kroes et al., 1999; van Dam et al., 1997). In the SWAP 
model, water flow is modeled using the Richards equation. The 
soil hydraulic functions in the soil column can be described by 
the analytical expressions of van Genuchten (1980) and Mualem 
(1976) using the relationship between the soil water content (q), 
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where q is the volumetric water content (cm3 cm−3), K is the 
hydraulic conductivity (cm d−1), h is the soil water pressure head 
(−cm), z is the vertical soil depth (cm) taken positive upward, t is 
the time (d), C is the differential soil water capacity (cm−1), and 
S(h) is the actual soil water extraction rate by plants (cm3 cm−3 
d−1) defined as





=a   [2]
where Tpot is the potential transpiration (cm d−1), Zr is the rooting 
depth (cm), and aw is a reduction factor as a function of h and 
accounts for water deficit and O2 stress (Feddes et al., 1978). The 
Richards Eq. [1], using the finite difference scheme described by 
Belmans et al. (1983), allows the use of soil hydraulic databases and 
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where Se is the relative saturation (dimensionless), q res is the 
residual water content (cm3 cm−3) in the dry range, and q sat is 
the saturated water content (cm3 cm−3), a , n, m, and l are shape 
parameters, Ksat is the saturated hydraulic conductivity (cm d−1), 
and m = 1 − 1/n.
Various conditions for the top (atmospheric) and bottom 
boundaries (free drainage condition and groundwater table depths) 
can be simulated by the SWAP model (van Dam et al., 1997). The 
SWAP model contains simple and detailed crop growth routines. 
These models, combined with water management modules (e.g., 
irrigation and drainage) (van Dam et al., 1997; van Dam, 2000), 
simulate the impacts of climate, soil texture, plant type, and crop 
water management. Using the Penman–Monteith equation, the 
SWAP model calculates not only the potential and actual soil 
evaporation but also potential and actual plant transpiration 
partitioned by the leaf area index or soil cover fraction of the 
land unit. This model performs well under various climatic and 
environmental conditions (Wesseling and Kroes, 1998; Sarwar et 
al., 2000; Droogers et al., 2000; Singh et al., 2006a, 2006b).
Surface Energy Balance Algorithm for Land Model
Evapotranspiration across the land–atmosphere boundary is 
generated by water loss from open water, the soil, and the plant 
surface and is governed by energy and heat exchanges at the land 
surface. The computation of ET by the SEBAL model includes 
three steps: (i) preliminary processing of RS data (producing 
the normalized difference vegetation index, albedo, and 
temperature images), (ii) selection of the hot and cold pixels (a 
hot pixel assumes that all the energy is used to heat the surface 
and a cold pixel assumes that all the energy is used to evaporate 
water), and (iii) estimation of pixel-based ET (Daroonwan et 
al., 2008). The key input data sets for the SEBAL model consist 
of spectral radiances in the visible, near-infrared, and thermal-
infrared wavelengths from Moderate Resolution Imaging 
Spectroradiometer (MODIS) surface reflectance products (i.e., 
solar zenith angle, quality control band, land surface temperature, 
and band emissivities 31 and 32), weather data (wind speed), 
and regional information (i.e., height of vegetation, altitude 
of target area, and specific locations of hot and cold pixels). 
Evapotranspiration is related to the surface-energy balance:
n 0 LER G H= + +  [5]
where Rn (W m−2) is the net radiation absorbed at the land surface, 
G0 (W m−2) is the soil heat flux, H (W m−2) is the sensible heat 
flux, and LE (W m−2) is the latent heat flux associated with ET.
Genetic Algorithm Implementation
Genetic algorithms (GAs), based on the theory of “survival of the 
fittest” by Charles Darwin (Holland, 1975; Goldberg, 1989), are 
powerful search algorithms for optimal solutions from unknown 
variable spaces. Basically, GAs create the chromosome, which 
contains the variable information, using a “string” structure of 
binary digits (i.e., 0 and 1). These binary strings recursively compete 
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to survive in the mating pool to produce the next generation 
through the GA operations of selection, crossover, and mutation:
1. Selection: In the selection process, the strongest chromosome 
competes against others and survives to be selected. Th e rest of 
them die (are discarded).
2. Crossover: Th e surviving binary chromosomes then exchange 
their genetic information through mating during the crossover 
to produce their off spring.
3. Mutation: Th e freshly selected chromosomes are mutated to 
generate new genetic materials for the next generation. Finally, 
the mutated chromosomes are restored instead of certain 
genetic characteristics being lost by degeneration.
Genetic algorithms are very fl exible to apply to diff erent problems 
such as for estimating uncertainty envelopes of risk management 
options (Wu et al., 2006); these GAs are the so-called noisy GAs. 
Noisy genetic algorithms operated in a noisy environment have 
been suggested for the fi tness evaluation of chromosome variables 
subjected to a stochastic fi eld (Miller and Goldberg, 1996; Wu 
et al., 2006). Ines and Mohanty (2008b) integrated a NGA 
with a resampling algorithm (ensemble: e) for the Monte Carlo 
(MC) simulation (Efron, 1982; Miller and Goldberg, 1996), the 
NMCGA, to determine the fi ttest chromosomes (the eff ective 
soil hydraulic parameter sets, P = {a , n, qres, q sat, Ksat}). The 
input parameter sets for the hydrologic model can be shown as 
k = {P, l0}. Th e shape parameter of lamda (l0 = 0.5) is fi xed in 
modeling. We transferred the parameter set (P) as the parameter 
set (P* = {a*, n*, qres*, qsat*, Ksat*}) to consider uncertainties (e.g., 
representing the heterogeneity of the land surface in a RS product) 
of individual soil parameters in modeling. Th us, the set k = {P*, l0} 
is used in this approach. In the NMCGA, the GA estimates the 
combinations of parameter statistics (P*):
{ }a a q q q q= m s m s m s m s m sres res sat sat sat2 2 2 2 2( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( sat)* , , , , , , , , ,n n K KP   [6]
Note that P* is the statistics (m are means and s are standard 
deviations) of individual eff ective soil hydraulic parameters, Th e 
MC algorithm then derives the realizations (r) of parameter 
combinations based on statistics. Th e noisy fi tness of the parameter 
combinations for all the realizations derived by the MC simulation 
in one resampling event is estimated along the given generations.
In this study, the NMCGA was linked with the SEBAL model 
to consider not only soil moisture but also ET in estimating the 
soil parameters. The linked NMCGA and SEBAL algorithm 
estimates the eff ective hydraulic parameters by minimizing the 
difference between the observed (pixel-based) and simulated 
estimates of both SM and ET time series (t). Th e representations 
of the parameter statistics (Eq. [6]) are shown in Table 1. Th e 
objective functions  for the SM and ET components (OFSM and 
OFET, respectively) are











































     [8]
where kr is the combinations of eff ective soil hydraulic parameters 
(k) with realizations (r) generated by the MC resampling, e is the 
resampling numbers (or ensembles), Nresample is the number of 
realizations (r) derived from each resampling event, SimSM(kr) 
is the simulated soil moisture with Nresample(r), SimET(kr) is the 
simulated ET with Nresample(r), ObsSM is the observed (pixel-
based) soil moisture, ObsET is the observed (pixel-based) ET, t is 
the time index, and T is the time domain, respectively. All variables 
Table 1. Representation of the eff ective soil hydraulic properties for the linked NMCGA (global search space = 32 ´ 32 ´ 64 ´ 64 ´ 128 ´ 128 ´ 32 
´ 32 ´ 1024 ´ 1024 = 7.3787 ´ 1019) and SEBAL algorithms.
Parameter† Initial chromosomes
Cases 1–3 Number of
bits (L) 2LMin. value Max. value
m(a), cm−1 00101 0.006 0.033 5 32
s(a), cm−1 00101 0.000 0.033 5 32
m(n) 110010 1.200 1.610 6 64
s(n) 110010 0.000 1.000 6 64
m(qres), cm3 cm−3 0001111 0.000 0.800 7 128
s(qres), cm3 cm−3 0001111 0.000 0.020 7 128
m(qsat), cm3 cm−3 00001 0.370 0.550 5 32
s(qsat), cm3 cm−3 00001 0.000 0.200 5 32
m(Ksat), cm d−1 0101000101 1.840 55.700 10 1024
s(Ksat), cm d−1 0101000101 0.000 10.000 10 1024
† m, mean; s, SD; a and n, shape parameters; qres and qsat, residual and saturated water contents; Ksat, saturated hydraulic conductivity.
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(SM, cm3 cm−3 and ET, mm d−1) were normalized for the objective 
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where ConstrainedSM(k) is the logical constraint of SM, 
Constrained ET(k) is the logical constraint of ET, ±PCIfactorSM 
are the ±95% confidence intervals (PCIs) of SM, and 
±PCIfactorET are the ±95 PCIs of ET.
The (ensemble) MC-based soil moisture and ET estimates are 
constrained by the observed SM and ET with ±PCIfactorSM in Eq. 
[9] and ±PCIfactorET in Eq. [10]. The modified penalty method 
(Hilton and Culver, 2000) was used in the objective function Z(k):
( ) ( ) ( )
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1, SM-only criterion
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We then evaluated the fitness of the model outputs:







The weighting factor ( f ) was used to assign the different weights 
to SM and ET in the objective function. The value of kr is highly 
subject to a stochastic field, indicating that the fitness(P*) is 
not always similar for each MC resampling event. The noisy 
fitness is minimized by estimating the so-called sampling fitness 
[Sfitness(P*)] (Ines and Mohanty, 2008b) by averaging the 
fitness(P*) of each ensemble (e) from the MC resampling:
( ) ( )
1
1
Sfitness * fitness *
E
eE =
= åP P   [15]
where E is the ensemble domain for the MC resampling. The 
values of PenaltySM(k)e and PenaltyET(k)e in Eq. [13] are 
determined by the limits of ConstrainedSM(k)t,e of Eq. [9] and 







































where j is the penalty coefficient: 
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Numerical Experiments
We conducted this study under the assumption that the effective 
soil hydraulic parameters in the unsaturated zone can be 
quantified using pixel-based remotely sensed SM (e.g., Polarimetric 
Scanning Radiometer [PSR], Electronically Scanned Thinned 
Array Radiometer [ESTAR], Advanced Microwave Scanning 
Radiometer–Earth Observing System [AMSR-E], etc.) and 
ET (e.g., MODIS, LANDSAT, Advanced Spaceborne Thermal 
Emission and Reflection [ASTER], etc.) products. To evaluate the 
www.VadoseZoneJournal.org p. 6 of 16
NMCGA, several synthetic and fi eld validation experiments were 
conducted: Case 1, a homogeneous soil column with free drainage; 
Case 2, a homogeneous soil column with a shallow groundwater 
(GW) table depth (GW −100 cm from the soil surface); and 
Case 3: fi eld validation experiments under various hydroclimatic 
conditions in Iowa, Illinois, and Texas. For Cases 1 and 2, the 
near-surface soil moisture (0–1 cm) and ET time series as target 
values were generated by the SWAP model using the available soil 
hydraulic parameters from the UNSODA database (Leij et al., 
1999) in a forward mode. For Case 3, several fi eld sites at Brown, IL, 
Walnut Creek (WC 11–14), IA, and Lubbock, TX, were selected 
for the validation studies as shown in Fig. 2. We assumed that the 
homogeneous soil columns with the free drainage condition can 
represent arid and semiarid regions, while humid and semihumid 
regions have shallow GW table levels (GW −100 cm from the soil 
surface) as shown in Fig. 3.
Case 1: Homogeneous Soil Column with Free Drainage
We generated the daily (synthetic) SM and ET values using three 
diff erent soil textures including sandy loam, silt loam, and clay 
loam under various climate conditions and corn (Zea mays L.) 
cover in a forward mode as the observations. Th e SWAP model 
was simulated during the standard crop growing season (1 May–31 
Oct. 2005) in Lubbock, TX, under a rainfed condition. For this 
study site, the atmospheric forcings are available from the Texas ET 
network (http://texaset.tamu.edu/index.php). For these numerical 
studies (Case 1), it was assumed that the bottom boundary of the 
soil column is well drained. To evaluate the impact of the ET 
component in estimating the eff ective soil hydraulic parameters, 
three diff erent scenarios were used: (i) the ET-only ( f = 0) criterion, 
(ii) the SM-only ( f = 1) criterion, and (iii) the SM + ET [ f SM + 
(1 − f )ET: 0 < f < 1] criterion (Ines and Mohanty, 2008a). For 
the third scenario, we tested various weighting factors ( f = 0.1–
0.9), assigning diff erent weights to SM and ET, and selected the 
weighting factor of 0.8, which has a better match (simulation of 
both SM and ET) with observations.
Case 2: Homogeneous Soil Column with Shallow 
Groundwater Table
According to Ines and Mohanty (2008a, 2008b, 2009) and Shin et 
al. (2012), the eff ective soil parameter estimations were considerably 
aff ected by the presence of shallow groundwater tables (e.g., GW 
−100 cm from the soil surface). Th e ET component contributing 
to the water balance in the unsaturated zone was examined in 
estimating the soil parameters for sandy loam, silt loam, and clay 
loam soils in the presence of a shallow ground water table at −100 
cm. Note that we only considered the shallow ground water table 
depth of −100 cm for Case 2 as the extreme scenario. Case 2 was 
conducted under the same modeling condition as Case 1.
Case 3: Field Validati on Experiments
Field testing of our proposed inverse modeling based data 
assimilation algorithm was performed for evaluating the eff ective 
soil hydraulic parameter estimation at the point, airborne, and 
Fig. 2. Study areas: (a) the Brown (BRW) site in Illinois, (b) the 
Walnut Creek (WC 11–14) sites in Iowa based on Polarimetric 
Scanning Radiometer (PSR) and Moderate Resolution Imaging 
Spectroradiometer (MODIS), and (c) the Lubbock site in Texas based 
on Advanced Microwave Scanning Radiometer–Earth Observing 
System (AMSR-E) and MODIS.
Fig. 3. Homogeneous soil column for numerical experiments under 
free drainage and shallow groundwater (GW) tables: (a) GW −100 
cm, (b) GW −150 cm, (c) GW −200 cm, and (d) free drainage.
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satellite scales. Th e Brown (1 Apr.– 31 Oct. 2002, Illinois), Walnut 
Creek (WC) 11 to 14 (1 May–31 Oct. 2002, Iowa), and Lubbock 
(1 Mar.–31 July 2002, Texas) sites were selected for the field 
validations. Vegetation cover at the fi eld sites consisted of corn 
(WC 11 and WC 12), soybean [Glycine max (L.) Merr.] (WC 13 
and WC 14), and native grass (Brown and Lubbock). Vegetation 
characteristics for the study sites are shown in Table 2. In situ 
SM data (13 d for the Brown site and 11 d for the WC 14 site) 
from the International Soil Moisture Network (http://ismn.geo.
tuwien.ac.at/) and the Soil Moisture Experiment 2002 (SMEX02: 
http://nsidc.org/) were measured by the neutron and theta probe 
techniques, respectively. Airborne PSR (800- by 800-m footprint) 
SM data sets (for 10 d) (Bindlish et al., 2006) during the SMEX02 
were used for the WC sites. For the larger scale, we used the 
AMSR-E (?25- by 25-km footprint; Njoku [2008]) SM products 
(soil depth of 0–1 cm) for 7 d at the Lubbock site.
For validation at the point scale, we used ET measurements 
(Prueger et al, 2009) collected by the eddy covariance (EC) 
tower (located within the WC 14 site) during the Soil Moisture 
Atmospheric Coupling Experiment in Iowa from 19 June through 
9 July 2002. Th e RS-based (cloud-free) ET (4–6 d during the 
simulation period because of the limited availability of MODIS 
data sets due to weather conditions and scanning intervals) for 
the Brown, WC 11 to 14, and Lubbock sites were estimated by 
the SEBAL model, which computes pixel-scale ET products using 
MODIS data (Bands 1–7, land surface temperature; Bands 31 and 
32, emissivities; see details in Table 3) with crop height and wind 
speed at fi eld sites. Unfortunately, validation for the SEBAL-based 
ET products is limited compared with available tower-based ET 
measurements that can represent the airborne and satellite scales; 
however, the WC 14 site had a uniform soybean cover, indicating 
that the tower-based ET measurements could represent the spatially 
distributed ET at the MODIS scale (500 by 500 m). Under this 
assumption, we validated the SEBAL-based ET products with the 
tower-based ET measurements. Additionally, the RS-based ET 
estimates using a diff erent data source (LANDSAT, 30 by 30 m) 
and the S-SEBI (Roerink et al., 2000) model were also compared 
to prove the reliability of the ET images calculated by SEBAL.
Daily weather data (e.g., precipitation, wind speed, maximum and 
minimum temperature, relative humidity, and solar radiation) 
were collected from the Soil Climate Analysis Network (http://
www.wcc.nrcs.usda.gov/scan/) in Iowa and the Illinois Climate 
Network (http://www.isws.illinois.edu/warm/datatype.asp) in 
Illinois. For the Lubbock site, we used precipitation data from the 
Tropical Rainfall Measuring Mission (http://trmm.gsfc.nasa.gov/), 
which has the same resolution as the AMSR-E products.
The limitation of this field validation study is the resolution 
discrepancy between PSR-based soil moisture (800 by 800 m) and 
MODIS-based ET (500 by 500 m) products. Also, the initial and 
bottom boundary conditions were unknown at the fi eld sites. Th us, 
we tested our approach with various combinations of initial and 
bottom boundary conditions such as groundwater table depths of 
−200, −150 cm, −100 cm from the soil surface and selected the best 
conditions (GW −150 cm for the WC 11–14 sites and GW −200 
cm for the Brown and Lubbock sites) that had the highest fi tness 
for the individual sites. We assumed that the initial conditions 
[h(z,t = 0) = −150 cm for the WC 11–14 sites and h(z,t = 0) = 
−200 cm for the Brown and Lubbock sites] were in equilibrium 
with the groundwater tables.
Pearson’s correlation (R) and the root mean square error (RMSE) 
of the observed and simulated SM and ET were used to evaluate 
our numerical and fi eld validation experiments of the inverse 
modeling based data assimilation (using linked NMCGA and 
SEBAL) algorithm. 
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where q sim,t is the simulated soil moisture with the time index 
(t), <q sim> is the average soil moisture of the q sim,t, qobs,t is the 
observed soil moisture with the time index (t), and <qobs> is the 
Table 2. Vegetation characteristics for the Walnut Creek (WC 11–14, 
Iowa), Bondville (Illinois), and Lubbock (Texas) sites.
Site Crop Crop height Max. root depth
———————— m ————————
WC 11 corn 1.42–1.45 0.75
WC 12 corn 1.42–1.45 0.75
WC 13 soybean 0.29–0.36 0.60
WC 14 soybean 0.29–0.36 0.60
Bondville native grass 0.30 0.90–1.20
Lubbock native grass 0.30 0.90–1.20






Brown, IL (129, 169, 201, 233)
Walnut Creek, IA (153, 185, 225, 233, 257)
Lubbock, TX (65, 73, 129, 137, 167)
Reference system latitude, longitude
Resolution Bands 1–7, 500 by 500 m
Land surface temperature, 1000 by 1000 m
Emissivity product, 1000  by 1000 m
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average soil moisture of the qobs,t,. Also, we added the P value (5%) 
for correlation of the fi eld experiments.
Results and Discussion
Case 1: Homogeneous Column with Free 
Drainage
Table 4 shows the summary of solutions [P*: m(a), m(n), m(qres), 
m(q sat), m(Ksat)] for the numerical experiments derived by the 
proposed data assimilation algorithm under the ET-only, SM-only, 
and SM + ET criteria for the diff erent soil textures and a corn 
crop cover for the Case 1 scenario. Th e estimated soil hydraulic 
parameters are shown in terms of their arithmetic means (3 
ensembles ´ 30 realizations) and ±95PCI.
In general, the shape (a) parameters under most conditions 
(described by the three criteria) for the sandy loam soil closely 
identified with the target values, while the estimated (n) 
parameters were more variable. Th e scaling parameters (qres and 
qsat) under the SM-only and SM + ET criteria were better than 
those of the ET-only criterion, suggesting that the latter had more 
uncertainty. Th e Ksat values under all the criteria were considerably 
overestimated compared with the target values, but it is apparent 
that the Ksat value estimated under the SM + ET criterion was 
better than those of the ET-only and SM-only criteria. Figure 4 
shows the q(h) and K(h) functions derived by the estimated soil 
hydraulic parameters (Table 4) for the sandy loam soil. Th e q(h) 
functions under all the criteria appeared to be identifi able with the 
observations, but the K(h) functions had more (mean) bias errors. 
Uncertainties of the K(h) values under the ET-only and SM-only 
criteria were considerably higher than the target values. Th e SM 
+ ET criterion also had variations in the K(h) function; however, 
the estimated values were closer to the observations than those 
of the SM-only and ET-only criteria because the target value was 
only adequately defi ned in a range of ±95PCI under the SM + ET 
criterion. Th is might imply that adding an ET component in the 
near-surface soil moisture assimilation algorithm improved the 
estimates of the K(h) functions.
For the silt loam soil, the a and qres values under the ET-only and 
SM-only criteria matched well with the target values. In contrast, 
for the SM + ET criteria, only a was predictable with high 
accuracy. Th e Ksat value fared better in performance under the 
SM + ET criterion and the SM-only criterion, while the ET-only 
criterion showed large uncertainties. Th e q(h) functions under 
the SM-only and SM + ET criteria were found to be superior to 
those obtained for the ET-only criteria, as shown in Fig. 5. But 
the uncertainty boundaries (±95PCI) for the q(h) functions 
under the SM + ET criterion were smaller than those of the 
ET-only and SM-only criteria. Th e most profound impact of the 
ET component is visible in the K(h) functions because variations 
of the simulated K(h) function under the SM + ET criterion are 
considerably decreased compared with those of the SM-only and 
ET-only criteria.
Table 4. Solutions for sandy loam, silt loam, and clay loam soils under the evapotranspiration (ET)-only, soil moisture (SM)-only, and SM + ET criteria 





ET criteria SM criteria SM + ET criteria
Avg. 95% CI Avg. 95% CI Avg. 95% CI
Sandy loam a 0.021 0.023 0.011–0.036 0.022 0.014–0.030 0.024 0.012–0.036
n 1.610 1.589 1.566–1.613 1.586 1.549–1.623 1.579 1.530–1.627
qres 0.067 0.077 0.074–0.080 0.067 0.060–0.074 0.065 0.063–0.068
qsat 0.370 0.387 0.387–0.387 0.370 0.370–0.370 0.377 0.368–0.387
Ksat 41.600 53.321 50.006–56.637 50.875 45.129–56.620 47.432 41.040–53.824
Silt loam a 0.012 0.014 0.004–0.024 0.013 0.002–0.024 0.013 0.007–0.019
n 1.390 1.457 1.233–1.681 1.498 1.322–1.674 1.429 1.190–1.669
qres 0.061 0.067 0.059–0.076 0.064 0.060–0.069 0.076 0.060–0.091
qsat 0.430 0.481 0.396–0.566 0.457 0.355–0.560 0.452 0.417–0.487
Ksat 30.500 45.970 39.322–52.619 34.505 16.419–52.591 33.567 26.510–40.624
Clay loam a 0.030 0.028 0.021–0.035 0.030 0.030–0.030 0.032 0.032–0.032
n 1.370 1.409 1.159–1.659 1.304 1.304–1.304 1.413 1.183–1.643
qres 0.129 0.119 0.109–0.129 0.125 0.097–0.153 0.135 0.109–0.160
qsat 0.470 0.473 0.370–0.576 0.452 0.354–0.549 0.494 0.413–0.575
Ksat 1.840 4.854 0.883–8.824 2.380 1.493–3.267 4.168 0.968–7.368
† a and n, shape parameters; qres and qsat, residual and saturated water contents; Ksat, saturated hydraulic conductivity.
‡ UNSODA database (Leij et al., 1999).
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For clay loam soil (see Fig. 6), the a and q sat values under the 
ET-only criterion were easily identifi able with the target values, 
but the n, qres, and Ksat estimates were relatively less clear (Table 
4). The a , q res, and Ksat values under the SM-only criterion 
matched the target values well. Only the a value under the SM 
+ ET criterion matched well with the observation, unlike the 
solutions for the sandy loam and silt loam soils. Figure 6 shows 
the q(h) and K(h) functions of the clay loam soil for all the criteria 
considered. The q(h) and K(h) functions estimated under the 
SM-only criterion were slightly better than those for the ET-only 
and SM + ET criteria. Also, uncertainties of ±95PCI under 
the SM-only criterion were narrow compared with those for 
the ET-only and SM + ET criteria. Figure 6d shows the sample 
comparisons of observed and simulated ET for the ET-only criteria 
for the clay loam soil under the synthetic condition. Note that 
the ET comparisons for the sandy loam and silt loam soils are not 
Fig. 4. Soil water retention q(h) and hydraulic conductivity K(h) functions from Monte Carlo simulations for a sandy loam soil under the synthetic 
conditions: (a) evapotranspiration (ET)-only criterion, (b) soil moisture (SM)-only criterion, and (c) SM + ET criterion; PCI is percent confi dence interval.
Fig. 5. Soil water retention q(h) and hydraulic conductivity K(h) functions from Monte Carlo simulations for a silt loam soil under the synthetic 
conditions: (a) evapotranspiration (ET)-only criterion, (b) soil moisture (SM)-only criterion, and (c) SM + ET criterion; PCI is percent confi dence 
interval, DOY is Day of the Year.
www.VadoseZoneJournal.org p. 10 of 16
presented for the sake of brevity. For Day of the Year (DOY) 129, 
the extremely high (synthetic or observed) ET value (0.55 mm d−1) 
was generated in this numerical study due to inherent drawbacks 
of the adopted hydrologic model. Th is may imply that an error 
in ET infl uences uncertainties in the parameter estimation and 
modeling performance for a clay loam soil in the unsaturated zone. 
Although the simulated K(h) functions of the ET-only and SM + 
ET criteria had bias (caused by an unusual synthetic or observed 
ET value), the simulated q(h) functions still corresponded well to 
the target values. Th e results for the clay loam soil indicate that the 
hydraulic conductivity function [K(h)] is more sensitive to the ET 
component than the soil water retention function [q(h)].
Overall, most of the q(h) and K(h) functions under the SM + ET 
criterion were more identifi able than those for the ET-only and 
SM-only criteria, and the eff ect of the ET component was relatively 
less sensitive to q(h) than K(h). Th e comparison of these results for 
the SM-only and SM + ET criteria provides signifi cant inferences 
with respect to soil parameterizations using physically based 
hydrologic models. Existing parameterization-based approaches use 
only soil moisture observations to derive soil parameters. In general, 
root zone SM dynamics limit ET near the land surface in the fi eld. 
Because the soil properties limit root zone SM, ET might infer soil 
properties indirectly by its link to soil moisture in the root zone. 
Th us, the ET component could play a role as a surrogate variable that 
can aff ect the processes occurring in the (deep) root zone (Pollacco 
and Mohanty, 2012). On the basis of these fi ndings, we suggest that 
considering both the SM and ET components in the parameter 
estimations considerably improved (reduced) the uncertainties of 
the estimated q(h) and K(h) functions across the soil profi le.
Under the synthetic conditions, we could test the model 
performance excluding measurement errors, but the model 
outputs had limitations in considering the complexity of actual 
field conditions. Thus, we added the proper error amounts 
(±10, 20, and 30% of the average values for SM and ET) to the 
synthetic results (shown only for a sandy loam soil in Fig. 7) 
under the SM + ET criterion. Th e soil moisture (R = 0.996 and 
RMSE = 0.009) and evapotranspiration (R = 0.999 and RMSE 
= 0.005) dynamics for the sandy loam soil were matched well 
with the synthetic observations. Figure 8 shows the root zone 
soil moisture in the deeper soil depth (180–200 cm) for the three 
soil textures. For the sandy loam soil, the simulated soil moisture 
dynamics under the SM-only (RMSE = 0.001) and SM + ET 
(RMSE = 0.004) criteria matched well with the target values, but 
the soil moisture predictions for the ET-only criterion  (RMSE 
= 0.010) were overestimated compared with the true values. We 
confi rmed similar trends for the silt loam and clay loam soils as 
well. Th e root zone soil moisture estimates under the SM + ET 
criterion for the silt loam (RMSE = 0.008) and clay loam (RMSE 
= 0.002) soils were closer to the target values than those for the 
ET-only (RMSE = 0.015 and 0.008 for silt loam and clay loam, 
respectively) and SM-only (RMSE = 0.011 and 0.004 for silt loam 
and clay loam, respectively) criteria. Although these results were 
derived under the synthetic conditions, they might suggest that 
improvement in the predictive ability for soil moisture at deeper 
soil depths is attributable to the ET component. Th ese fi ndings 
may beg a question for soil parameterization approaches based on 
the inverse model in the vadose zone because the inversion model 
estimates the eff ective soil hydraulic parameters that can represent 
the whole soil profi le (0–200 cm in this study) by using only the 
Fig. 6. Soil water retention q(h) and hydraulic conductivity K(h) functions from Monte Carlo simulations for a clay loam soil under the synthetic 
conditions: (a) evapotranspiration (ET)-only criterion, (b) soil moisture (SM)-only criterion, (c) SM + ET criterion, and (d) comparison of observed 
and simulated ET estimates under the ET-only criterion; PCI is percent confi dence interval.
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near-surface (0–1 or 0–5 cm) soil moisture estimates from airborne 
or satellite RS platforms. Uncertainties may result in identifying 
the soil hydraulic parameters as the soil depth increases due to 
textural layering, rooting depth and density, pore-size distribution, 
etc. Summarily, the results of Case 1 indicate that our proposed 
approach including the ET component (with SM), which provides 
more information on the unsaturated zone hydrologic behavior, 
improved the estimates of the eff ective soil hydraulic parameters.
Case 2: Homogeneous Soil Column with 
Shallow Groundwater Table
We conducted the Case 2 scenario to evaluate the impact of the ET 
component in the presence of a shallow groundwater table (−100 cm 
from the soil surface) in the homogeneous soil column under the 
SM-only and SM + ET criteria (the ET criterion was excluded). Table 
5 shows the derived eff ective soil hydraulic parameters for Case 2.
For the sandy loam soil, the soil hydraulic parameters under the SM 
+ ET criterion matched the true values better than those for the 
SM-only criterion except for qres and qsat. Although the standard 
deviation of Ksat under the SM + ET criterion was slightly higher 
than for the SM-only criterion, the average value of Ksat was 
estimated more successfully. Th e results for the silt loam soil showed 
similar trends to the fi ndings for the sandy loam soil. Th e a, n, qres,
and qsat values under the SM + ET criterion were identifi able with 
the target values, while only the a value matched well under the 
SM-only criterion. Th e Ksat value under the SM-only criterion had 
large uncertainties compared with the SM + ET criterion. Usually, 
the model performance for the silt loam soil had more uncertainties 
than the sandy loam and clay loam soils (Ines and Mohanty, 
2008a; Shin et al., 2012). As shown in Fig. 4 to 6, the nonlinear 
characteristics of the water retention curve for the silt loam soil and 
its particular correspondence with root water uptake might cause 
more uncertainties in the parameter estimations. In this study, 
when the ET component was included in quantifying the eff ective 
soil hydraulic properties, the solutions for the silt loam soil with a 
shallow groundwater table were improved. For the clay loam soil, the 
parameters under the SM + ET criterion were perfectly identifi ed 
with the target value, while the n value had small variations; however, 
the a and qres values under the SM-only criterion were the only ones 
that matched well. In general, the SM + ET criterion performed 
better in predicting the soil hydraulic parameters and reduced 
their uncertainties compared with the SM-only criterion under the 
shallow groundwater table condition.
Overall, the solutions with the shallow groundwater table depth of 
−100 cm were not as well identifi ed as those under the free drainage 
condition, indicating that the parameter estimations had more 
uncertainties in the soil profi le dominated by upward fl ows from 
the shallow groundwater table than the free drainage condition. 
Based on the results of Case 2, we suggest that this approach could 
refl ect the hydrologic condition in the unsaturated zone aff ected 
by both the top (atmospheric) and bottom boundary conditions.
Case 3: Field Validati on Experiments
In Case 3, we tested the applicability of the linked NMCGA and 
SEBAL algorithm under the SM-only and SM + ET criteria at 
various spatial scales under the fi eld conditions. For validation 
of pixel-scale ET data, we compared the SWAP model based 
ET estimates at the airborne scale (WC 14) under the SM + ET 
Fig. 7. Estimated root zone soil moisture (SM) and evapotranspiration (ET) for a sandy loam soil under the SM + ET criterion (synthetic conditions) 
with the error ranges of ensemble outputs: (a) ±10%, (b) ±20%, and (c) ±30% errors of the averaged ensemble; Obs. is observed; PCI is percent con-
fi dence interval, pos is positive, neg is negative.
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criterion with not only the RC-based measurements but also 
the SEBAL- and S-SEBI-based ET estimates (Fig. 9). Overall, 
the SWAP-based ET estimates matched well with the RS-based 
observations (R = 0.597 for EC, R = 0.933 for S-SEBI, and 
R = 0.944 for SEBAL). The correlation with the EC-based 
measurements was relatively lower because the ET measurements 
on DOY 176 and 178 were considerably lower than the others 
(i.e., DOY 175, 177, and 179). Th is might indicate that the EC 
ET data had measurement errors; however, the SWAP-based ET 
data (RMSE = 0.667) had less uncertainty than those of S-SEBI 
and SEBAL (RMSE = 0.966 and 1.200). Although we compared 
the SWAP-based ET estimates at the airborne scale (WC 14) 
under the SM + ET criterion with the EC measurements and 
RS-based ET data (S-SEBI and SEBAL), these fi ndings could 
show the reliability of our approach and pixel-scale ET estimates. 
Table 6 presents the statistics of simulated SM and ET compared 
with the measurements. Overall, the statistics (R and RMSE) for 
the SM and ET estimates under the SM + ET criterion showed 
good performance and were generally better than those under 
the SM-only criterion. Th ese fi eld validation results support the 
robustness of this approach as shown in the synthetic results for 
Case 1, indicating that considering the SM and ET components 
jointly improved the hydrologic model outputs more than the 
SM-only criterion and reduced their uncertainties.
Figure 10 shows the observed and simulated results (SM and 
ET) at diff erent spatial scales (point and airborne scales for WC 
14 in Iowa and the satellite scale for Lubbock in Texas) under 
the SM + ET criterion. At the point scale, the simulated SM 
estimates (R = 0.885 and RMSE = 0.033) matched well with the 
measurements. At the footprint scale, the model estimated SM 
dynamics (R = 0.785 and RMSE = 0.044) matched relatively well 
Fig. 8. Comparisons of the deep soil moisture dynamics (180–200 
cm) for sandy loam, silt loam, and clay loam soils under the synthetic 
conditions: (a) evapotranspiration (ET)-only criterion, (b) soil mois-
ture (SM)-only criterion, and (c) SM + ET criterion.
Table 5. Solutions for a homogenous soil column with a shallow water table depth of −100 cm for sandy loam, silt loam, and clay loam soils under the 




SM SM + ET
Avg. SD Avg. SD
Sandy loam a 0.021 0.029 0.000 0.016 0.005
n 1.610 1.399 0.118 1.510 0.055
qres 0.067 0.074 0.009 0.080 0.013
qsat 0.370 0.370 0.000 0.471 0.037
Ksat 41.600 50.157 2.274 38.422 3.042
Silt loam a 0.012 0.013 0.006 0.013 0.002
n 1.390 1.591 0.012 1.397 0.115
qres 0.061 0.082 0.011 0.067 0.003
qsat 0.430 0.456 0.048 0.445 0.055
Ksat 30.500 45.642 5.276 36.049 5.050
Clay loam a 0.030 0.033 0.000 0.031 0.002
n 1.370 1.386 0.145 1.401 0.135
qres 0.129 0.127 0.015 0.130 0.004
qsat 0.470 0.486 0.014 0.472 0.054
Ksat 1.840 4.522 0.880 2.050 0.055
† a and n, shape parameters; qres and qsat, residual and saturated water contents; Ksat, saturated hydraulic conductivity.
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with the PSR-based soil moisture measurements. Compared with 
those at the point scale, the RS footprint scale results had more 
uncertainty. Footprint-scale discrepancy could be attributed to 
the data qualities of the specifi c pixels, weather conditions and 
variations within the pixel, and discrepancy between the PSR and 
MODIS scales for input data. Th e observed (PSR) and simulated 
SM trends show a good match with the rainfall pattern, however, 
indicating that the pixel-based SM at the fi eld scale refl ects well 
the spatial correspondence. Because the PSR-based SM values were 
not matched well with the model outputs during the period DOY 
186 to 192, uncertainties were relatively increased. Th e observed 
and simulated SM dynamics at the satellite scale were relatively 
lower than those at the point and airborne scales. Although various 
uncertainties from the heterogeneity of areal soil textures and 
vegetation cover across the land surface were included in a remote 
sensing pixel, the results (R = 0.569 and RMSE = 0.060) matched 
well with the measurements.
Fig. 9. Comparison of the evapotranspiration (ET) dynamics of (a) eddy covariance, (b) the simplifi ed Surface Energy Balance Index (S-SEBI), and 
(c) Surface Energy Balance Algorithm for Land (SEBAL) with the simulated ET estimates (Polarimetric Scanning Radiometer based soil moisture 
and SEBAL-based ET were used) based on the linked NMCGA and SEBAL data assimilation approach at the WC 14 site; DOY is Day of the Year.
Table 6. Correlation (R) and RMSE of the pixel-based (in situ), simulated soil moisture (SM) and evapotranspiration (ET) under the SM and SM + ET 
criteria at the Brown, Walnut Creek (11–14), and Lubbock sites for Case 3.
Site
SM criteria SM + ET criteria
SM ET SM ET
R RMSE R (p value*) RMSE R (p value*) RMSE R (p value*) RMSE
WC 14† 0.882 (0.604)‡ 0.035 0.513 (0.026) 0.908 0.885 (0.740) 0.033 0.568 (0.093) 0.784
Brown§ 0.927 (0.879) 0.085 0.874 (0.856) 1.663 0.936 (0.598) 0.101 0.874 (0.856) 0.990
WC 11¶ 0.777 (0.461) 0.050 0.955 (0.499) 0.554 0.781 (0.531) 0.047 0.952 (0.545) 0.500
WC 12¶ 0.799 (0.778) 0.042 0.948 (0.348) 0.605 0.792 (0.774) 0.049 0.957 (0.554) 0.432
WC 13¶ 0.777 (0.239) 0.054 0.954 (0.407) 1.022 0.782 (0.272) 0.054 0.949 (0.438) 0.978
WC 14¶ 0.784 (0.559) 0.045 0.943 (0.317) 1.208 0.785 (0.501) 0.044 0.944 (0.320) 1.200
Lubbock# 0.537 (0.156) 0.053 0.600 (0.221) 1.316 0.569 (0.113) 0.060 0.665 (0.185) 1.296
† In situ soil moisture and eddy covariance ET measurements were used for the Walnut Creek (WC 14) site in Iowa.
‡ P values in parentheses.
§ In situ soil moisture and pixel-based ET data sets were used for the Brown site in Illinois.
¶ Pixel-based (Polarimetric Scanning Radiometer) soil moisture and ET data sets were used for the Walnut Creek (WC 11–14) sites in Iowa.
# Pixel-based (Advanced Microwave Scanning Radiometer–Earth Observing System) soil moisture and ET data sets were used for the Lubbock site in Texas.
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Th ese results show how the parameter estimations have variability at 
diff erent spatial scales. As the scale increased from the point to satellite 
scale, the results had more uncertainty (RMSE = 0.033–0.060 for 
SM). Th is might indicate that airborne- or satellite-scale SM products 
have uncertainties due to the land surface variability, especially 
satellite-scale products. However, the RMSE value at the Brown site 
(0.101) was relatively higher than that of the WC 14 site (0.033) at the 
point scale. Th ese results beg a question because the results with the in 
situ measurements at the Brown site had more variations in the model 
performance than those at the airborne (RMSE = 0.044–0.054) 
and satellite (RMSE = 0.060) scales. In situ data sets usually have a 
high accuracy (Ines and Mohanty, 2008a, 2008b; Shin et al., 2012), 
indicating that the large in situ soil moisture and/or corresponding 
atmospheric forcing errors in this study might be an extreme case. 
However, it might also show one of the potential uncertainties that 
can be incurred in the fi eld. Th us, we need to explore how RS-based 
data can convey reliable information through diff erent spatial scales 
with predictable uncertainties (i.e., atmospheric forcings, land surface 
variability, etc.) in applications to fi elds.
Th e estimated ET values had similar trends as the SM predictions 
(Fig. 9). Th e estimated ET values (R = 0.568 and RMSE = 0.784) 
matched the tower-based ET measurements, but the correlation was 
slightly low because of measurement errors (as shown in Fig. 9). Th e 
ET estimates (R= 0.944 and RMSE = 1.200) at the airborne scale 
were a good match with the MODIS-based ET, but the satellite-scale 
ET results (R = 0.665 and RMSE = 1.296) had more variations 
(especially DOY 129) because the AMSR-E and MODIS products 
have areal heterogeneity in soil texture and vegetation cover.
Based on these results, it is evident that the ET component 
improved the parameter estimations and contributed to the 
reduction in the uncertainty ranges in simulating SM and ET 
using inverse modeling. Although the fi eld validation results had 
uncertainties, the model outputs under the SM + ET criterion 
matched the measurements better than the SM-only criterion 
under the same modeling conditions. These findings further 
support the robustness of the linked NMCGA and SEBAL 
algorithm for quantifying the eff ective soil hydraulic parameters 
at diff erent scales under real-world conditions.
Concluding Remarks
In this study, we developed a new linked NMCGA and SEBAL 
based data assimilation algorithm for estimating eff ective soil 
hydraulic properties (a , n, q res, q sat, and Ksat) using RS SM 
and ET products at the point to satellite scales. Numerical 
experiments for the synthetic conditions and fi eld validations were 
undertaken with diff erent soil textures, climate scenarios, presence 
of groundwater tables, and vegetation cover under the ET-only, 
SM-only, and SM + ET criteria. Generally, the q(h) and K(h) 
functions (derived from the searched soil hydraulic parameters) 
under the SM + ET criterion were identifi ed better than those of 
the ET-only and SM-only criteria for Case 1, although the K(h) 
Fig. 10. Comparisons of the observed and simulated soil moisture (SM) and evapotranspiration (ET) at diff erent scales using the linked NMCGA and 
SEBAL algorithm under the SM + ET criterion: (a) point-scale (in situ) SM and eddy-covariance  ET at the WC 14 site, (b) airborne-scale (Polari-
metric Scanning Radiometer) pixel-based SM and ET at the WC 14 site, and (c) satellite-scale (Advanced Microwave Scanning Radiometer–Earth 
Observing System) pixel-based SM and ET at the Lubbock site.
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functions still had small variations. Because the simulated soil 
moisture dynamics under the SM + ET criterion in the deeper 
soil depth (180–200 cm) for three soil textures (sandy loam, silt 
loam, and clay loam) had a better match with the target values than 
those for the ET-only and SM-only criteria, we suggest that this 
approach improves not only the parameter estimations but also the 
soil moisture dynamics (including root water uptake) in the deep 
soil depth (180–200 cm). In Case 2, the soil hydraulic properties 
in the presence of a shallow groundwater table (−100 cm) under 
the SM + ET criterion were superior to those for the SM-only 
criterion. It is evident that this inverse modeling based data 
assimilation approach including an ET component contributes 
towards the reduction of uncertainties generated by upward flow 
from the groundwater table.
In a real-world situation, the results of SM and ET estimates 
under the SM + ET criterion still matched the measurements 
from point to satellite scales better than those of the SM-only 
criterion as shown in the synthetic experiments (Case 1), although 
the correlations (the WC 12 site for SM and the WC 11 and 13 
sites for ET) and RMSE (the Brown and Lubbock sites for SM) 
under the SM-only criterion were slightly better. At the point scale 
(WC 14), the SM and ET estimates identified well with the in situ 
soil moisture and EC ET measurements; however, the estimated 
SM for the Brown site had uncertainties compared with the 
measurements during the initial simulation period, indicating that 
measurement errors might cause large uncertainties in estimating 
the soil parameters. At the airborne scale, the SM and ET dynamics 
were usually estimated well at the spatial and temporal scales 
with uncertainties, although the discrepancy between PSR- and 
MODIS-based resolutions was included in the input. The satellite-
scale ET results have uncertainties with the SEBAL outputs, but 
the modeled SM estimates were comparable with the AMSR-E 
products. Overall, the ET estimates at the satellite scale had more 
variations than those at the point and airborne scales because of 
the limitation of the model structure, noise of pixels, heterogeneity 
of the land surface, etc.
The estimated soil parameters under the synthetic conditions in 
Cases 1 and 2 showed that our approach considerably improved the 
K(h) functions and their uncertainties in the root zone; however, it 
is still not clear how individual soil parameters were correlated with 
SM and ET at different scales. The satellite-scale results had more 
variation than those at the point and airborne scales, indicating that 
qualities of the RS data are quite important in applications of our 
approach to fields. Furthermore, matching the timing of an overpass 
or latency period between SM (i.e., AMSR-E, Soil Moisture and 
Ocean Salinity [SMOS], and Soil Moisture Active Passive [SMAP]) 
and ET (i.e., MODIS, LANDSAT, and ASTER) as the input 
variables to the SEBAL or S-SEBI model) images may improve and 
support the performance of our proposed model better.
In this study, our findings showed that the interaction between 
SM and ET might contribute to better soil parameter estimations. 
Thus, we suggest that the linked NMCGA and SEBAL algorithm 
could improve soil hydraulic parameter estimations and contribute 
to the reduction of their uncertainties with better understanding 
of the water cycle in the root zone at multiple scales.
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